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Fig. 7. Images obtained after nine rotations of angle 27/9 on a part of the camera image depicted in (a), using (b) bilinear, (c) bicubic, and (d) O-MOMS
interpolation, and our method in three shears with lters (e) 2 (nearest neighbor), (f) %, (g) 12,(h) 13,(i) 2° (sinc). The PSNRs are from (b) to (i): 21.19,

T )

25.15,29.77, 15.63, 23.07, 25.05, 26.02, and 28.67 dB, respectively. The images obtained with 22, 2-% and 24, not reproduced here, give PSNRs of 26.07,
27.24, and 27.93 dB, respectively.

P

Moreover, important savings of memory storage are possible  pling density. Our resampling method is rst and foremost re-
with our approach; buffer memory can be limited to one column  versible, a property not shared by the other methods of the litera-
or row at a time. It is also important to notice that the conversion  ture. From the quality point-of-view, our approach provides de-
process can be performed in-place on the initial data, making the  cent results in comparison with the best interpolation methods,
use of auxiliary memory unnecessary. Consequently, the pro-  while being often faster. In conclusion, we summarize the key
cessing of very large images is made easier. Separability also features of our work.
turns out to be a signi cant advantage for hardware implemen- 1) The decomposition of the conversion process can be done
tation and parallelization. in at most three shear operations.

2) Symmetric reversibility can be enforced thanks to the
combination of shear with all-pass fractional delay Iters.

In this paper, we have presented an original approach for con- Thus, no loss of information is introduced by the conver-
verting 2-D image data between two lattices with the same sam- sion process.

VI. CONCLUSION
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3) The design and implementation is reduced to 1-D transla-
tors. Short delay lIters can be used, making our method
substantially faster than classical interpolation methods.

4) New 1-D all-pass delay lters are proposed. No blur and
good resampling quality are reported.

Last, but not least, we used for the experimental validation a new
analytical differentiable phantom.

APPENDIX I
SYNTHETIC TEST IMAGES

A. Zoneplate Image
The function is a 2-D frequency chirp, de ned by the equation

1440/

14+512/\/8( 2+ 2)

f(x) =127.5 + 127.5 cos

(56)

where the intensity range is [0, 255] and the image is de ned for
the domain [—256, 255].

B. Shepp-Logan Image

We propose a blurred version of the modi ed Shepp Logan
phantom. The original Shepp Logan phantom is a grayscale in-
tensity image that consists of one large ellipse containing several
smaller ellipses [50], [51]. The modi ed Shepp Logan phantom
is a variant of the latter, having higher contrast for better vi-
sual perception. Both phantoms are standard images used to test
(medical) image processing algorithms. Example source code
implementing them is provided in Matlab. The analytic func-
tion that we propose also includes a blurring effect that is de-
termined directly in the spatial domain. Speci cally, the perfect
transitions at the boundaries of the ellipses are replaced by sig-
moidal edges. We de ne the 2-D analytical function as

flx) = Z fi(x), (57)

where f;(x) represents the contribution of the ith ellipse. The
ellipse s parameters are: gray level A;, center c¢;, semi-major
axis L;, semi-minor axis /;, and angle ¢; of the major axis with
the horizontal axis. Its contribution is then computed as follows.
1) Determine b;, the point on the ellipse boundary lying on
the line (c;,x), the closest to x. We have: x — b; = (x —

ci) (1= 1/p;) where p; = ((1/L:)? + (va/1)?)} 2

and v = R 4,(x — c¢;). Note that computing the closest
point to x on the boundary of the ellipse would be more

satisfactory, but this is a much more dif cult problem.
2) Use the distance from b; to x to compute

A;
f7(X) = 1+ eXp(sgn(pi - 1) x —b; /U)

(58)

Note that if x = ¢;, then p; = 0, and we set x — b; =
(l; + L;)/2.
The parameter o controls the amount of blur. If ¢ — 0, we
recover the classical Shepp Logan phantom. We propose ¢ =
1/4, which makes the transition at an edge spread over about
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three pixels. Our phantom has the advantage of being in n-
itely continuously differentiable (except at the centers of the el-
lipses), while the Shepp Logan phantom is not even continuous.
The blurred phantom is more realistic and better representative
of natural images acquired with practical imaging devices.
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