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Figure 5: Progressively coarsening a signal using different edge-preserving schemes. The coarsened versions are shown superimposed on
the signal (using different shades of blue: lighter is coarser). The corresponding detail signals are plotted in shades of red below.
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Figure 6: Coarsened images and their corresponding detail layers for several different edge-preserving filtering schemes. Coarsening
progresses from top to bottom. The bilateral filter, LCIS, and the trilateral filter exhibit ringing in the detail layer (easiest to see in the bottom
row). [Fattal et al. 2007 ] retains many small features even in the coarsest image, which never make their way into the detail layer.

image vector g (eq. 7). Each row of F) may be thought of as a
kernel (with possibly very large support) that determines the value
of the corresponding pixel in the image as a weighted combination
of other pixels in g. Similarly to the BLF, each kernel’s weights are
affected by the proximity to edges in g, and thus we can think of
our smoothing process as spatially-variant filtering.

However, applying the spatially-variant filter directly is not a vi-
able option. Explicitly forming F) involves matrix inversion, which
costs O(N3) operations, where N is the number of pixels. Even if
we set aside this cost, just applying Fj might require O(N?) op-
erations. Fortunately, since F) is the inverse of a sparse matrix,
computing the filtered image amounts to solving the sparse linear
system (5), requiring only O(N) operations with an appropriate pre-
conditioner or a multi-grid solver. In return for this efficient solu-
tion, we give up the ability to explicitly control the precise shape
of the spatially varying kernels in F} , and instead control them im-
plicitly via the regularization term in eq. (3).

Solving eq. (5) using Jacobi iterations [Saad 2003] can be thought
of as anisotropic diffusion, where the stopping function between
neighboring pixels is determined once and for all at the beginning
of the process. While this may seem like a minor difference, it has
two important implications. One implication is that the iterative
process converges to a unique non-trivial solution, rather than to
a constant image; the other implication is that we can obtain this
solution efficiently, by solving a sparse linear system.

There is also a particular variant of anisotropic diffusion, known as
biased anisotropic diffusion [Nordstrom 1989], where a non-trivial

steady-state solution is ensured by “biasing” the solution towards
the input image by introducing a term g — u into the diffusion equa-
tion:
du
ot
where a is some flux-stopping function. Again, if one uses this
scheme with a(||Vg||), rather than a(||Vul|), eq. (15) becomes linear

and its steady-state solution is exactly the result obtained by our
operator.

V- (a([[Vull) - Vu) + (g —u), (15)

Similarly to anisotropic diffusion, robust estimation techniques
[Zervakis 1990; Black et al. 1998] employ an “M-function” which
depends on the unknown solution u, and plays the same role as the
regularization term in WLS. Again, the dependence on u yields a
non-linear process.

Finally, note that applying our WLS-based operator iteratively, with
the default o = 1.2 exponent in the smoothing weights of eq. (6),
is equivalent to optimizing eq. (3) with the 0.8-norm in the smooth-
ness term, using iteratively reweighted least squares [Scales and
Gersztenkorn 1988]. This norm has recently been used as a sparse
prior for derivatives of natural images (e.g., [Levin et al. 2007]).

6 Applications and Results

We have implemented a number of simple tools that use our multi-
scale edge-preserving decompositions for photographic tone ma-
nipulation, HDR tone mapping, detail enhancement, and image ab-
straction. Below, we briefly describe these tools and show some
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Figure 7: Top: a tone-mapped image, taken directly from [Du-
rand and Dorsey 2002], with some halos visible around the pic-
ture frames and the light fixture. Bottom: a halo-free result with a
similar amount of local contrast may be produced using the same
tone mapping algorithm, simply by replacing BLF with WLS-based
smoothing (¢ =12,A =2).

results. Note the purpose of these tools is to demonstrate in the
simplest possible way the robustness and versatility of our decom-
positions. Any of these tools could have been made much more
sophisticated, but this is outside the scope of this paper.

To solve the linear system (5) we use the multiresolution pre-
conditioned conjugate gradient solver described by Lischinski
et al. [2006]. The performance of this solver is linear in the num-
ber of pixels, requiring roughly 3.5 seconds per megapixel on a
2.2 GHz Intel Core 2 Duo. Although we currently do not have a
GPU implementation of the solver, such an implementation should
be possible; Buatois er al. [2007] describe a GPU implementation
of a more general preconditioned conjugate gradient sparse matrix
solver, and report speedups by a factor of 3.2 over a highly opti-
mized CPU implementation. It is hoped that a GPU implementa-
tion tuned to our specific linear system should achieve even more
significant speedups.

6.1 Multi-scale tone manipulation

We have implemented a simple interactive tool for manipulating the
tone and contrast of details at different scales. Given an image, we
first construct a three-level decomposition (coarse base level b and
two detail levels d',d?) of the CIELAB lightness channel. This is
done using the first (non-iterative) construction given by eq. (13).
The user is then presented with a set of sliders for controlling the
exposure 1 of the base layer, as well as the boosting factors, & for
the base, and J;, 8, for the medium and fine detail layers. The result
of the manipulation ¢ at each pixel p is then given by

8p =1 +5S(80,nbyp— 1) +5(81,d))+S(8,d%),  (16)

where [ is the mean of the lightness range, and S is a sigmoid curve,
S(a,x) =1/(1+exp(—ax)) (appropriately shifted and normalized).

Figure 8: Boosting BLF-based detail layers (top) results in arti-
facts along the high-contrast edges, which are absent when the de-
composition is WLS-based (bottom). In the right part of each im-
age medium scale details have been boosted, also resulting in halos
when done using BLF. (Input image courtesy of Norman Koren.)

The goal of this sigmoid is to avoid the hard clipping that would
otherwise occur when the detail layers are significantly boosted.
The term S(&,nb), — i) controls the exposure and contrast of the
base layer, while the remaining terms control the boosting of the
medium and fine scale details. Note that once the decomposition
has been computed, eq. (16) is evaluated in real time.

We found that this simple tool is already very effective for con-
trolling the amount of local contrast at the different scales. The
effective manipulation range is very wide: it typically takes a rather
extreme manipulation to cause artifacts to appear. Example results
are shown in Figures 1, 8, and 9. The decomposition for all these
results was constructed with the parameters o = 1.2, A = 0.1 for
the fine scale filtering and a = 1.4, A = 0.4 for the medium scale
filtering. We found three pyramid levels to be sufficient for the im-
ages we experimented with. Using more levels would enable finer
control, but would also require the user to manipulate more sliders.

6.2 Detail exaggeration

Our decomposition may be also used in place of the BLF-based
multi-scale decomposition used by Fattal et al. [2007] for shape
and detail enhancement from multi-light image collections. Our
experiments show that our decomposition allows one to enhance
and exaggerate details even further than with their approach, before
objectionable artifacts appear. Figure 10 (top) shows one of the re-
sults from Fattal et al. next to a similar result produced with our ap-
proach. A close examination reveals that along many of the edges,
their result exhibits one pixel wide gradient reversals, probably due
to oversharpening of these edges in the decomposition. In contrast,
the edges in our result appear much cleaner. Another comparison
is shown at the bottom of Figure 10. Here, we demonstrate that
we can generate highly exaggerated detail even from a single input
image (rather than three multi-light images used by Fattal ez al.).
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Figure 9: Multiscale tone manipulation with our tool. The boosting of the individual scales is intentionally exaggerated.
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Figure 11: HDR tone mapping with our tool. Saturation and exposure were manually adjusted in the WLS results in order to match the
overall appearance of the other two images. (HDR image (© Industrial Light & Magic. All rights reserved.)

6.3 HDR tone mapping

Our decompositions are easily harnessed to perform detail preserv-
ing compression of HDR images. For example, we can simply re-
place the BLF in the tone mapping algorithm of Durand and Dorsey,
with WLS-based smoothing and avoid the mild halo artifacts that
are sometimes visible in their results (Figure 8).

Another option we experimented with is to use the tone mapping
algorithm proposed by Tumblin and Turk [1999], but replace their
LCIS-based multi-scale decomposition with our WLS-based de-
composition. Specifically, we compute a 4-level decomposition
(one coarse base layer and three detail layers) of the log-luminance
channel, multiply each level by some scaling factor, and reconstruct
a new log-luminance channel.

Figure 11 shows two tonemapped results that were produced in this
manner. In the leftmost image, our goal was to achieve a rather flat
image with exaggerated local contrasts (similar, but more extreme
than the typical result produced with LCIS on this image). This
was achieved by strongly compressing the base, and boosting the
fine scale detail layer. In the rightmost image, we pursued a more
photographic look but with more depth in the highlights than what
is possible with Reinhard’s operator [2002]. We achieved this result
by using less compression of the base and moderate boosting of the
coarser detail layers.

6.4 Progressive image abstraction

Our WLS-based operator can be used in many other applications
that utilize an edge-preserving filter. For example, Winnemoler
et al. [Winnemdller et al. 2006] and Chen et al. [2007] use the
BLF for image and video abstraction. Using our multi-scale de-
composition (the iterative version of eq. (14)) produces the results
shown in Figure 12. In this application, the detail layers are attenu-

ated, rather than boosted, to achieve a stylized abstract look. Using
progressively coarser decomposition levels increases the degree of
abstraction in the resulting image. These abstractions can also be
combined together in a spatially varying manner to provide more
detail in areas of interest. We do this with an interactive painting
interface; a more automated mechanism is described in [Chen et al.
2007]. The images are overlaid with edges extracted from the ap-
propriate detail layers.

7 Conclusions

Multi-scale contrast manipulation is a valuable digital darkroom
technique. Currently it is possible to sharpen images (which may
be viewed as increasing the local contrast of the finest scale details),
as well as to adjust the global contrast. However, adjusting the local
contrast for scales in between these two extremes is typically done
with unsharp masking, which is prone to halos. The multi-scale
edge-preserving decompositions we have introduced in this paper
are intended to fill this gap.

Our decompositions are based on a weighted least squares formula-
tion, which, as we have demonstrated, does not suffer from some of
the drawbacks of bilateral filtering and other previous approaches.
In particular, WLS allows small features to gracefully fade in mag-
nitude, so that they do not persist into coarse levels, but without
introducing significant blurring, which can result in halos when dif-
ferences are magnified. We have also shown how the WLS formula-
tion is related to other edge-preserving schemes, such as anisotropic
diffusion and iterated BLF. Our results on a variety of applications,
including tone mapping, contrast manipulation, and image abstrac-
tion, show that our approach is robust and versatile.

In future work we would like to investigate more sophisticated
schemes for determining the smoothness coefficients for the WLS
formulation in order to further improve the ability to preserve edges
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Figure 12: Progressive image abstractions computed using our multi-scale decomposition.

Figure 10: Multi-scale detail enhancement of Fattal et al. [2007]
(left) compared to results produced with our decomposition (right).
We are able to achieve more aggressive detail enhancement and
exaggeration, while avoiding artifacts.

and extract details. Ultimately, we would like to use our decompo-
sitions as a basis for a more sophisticated and more automated tool
— a single click (or single slider) solution for image enhancement.

Another important issue that must be tackled is better handling of

color. Our multi-scale tone manipulation tool currently operates on
the CIELAB lightness channel, and we have observed that strong
manipulations result in significant changes in the perceived color.
While manually adjusting the saturation alleviates the problem, a
more principled solution is needed.

Acknowledgments: Much of this work was carried out while the
first and third authors were visiting Microsoft Research. The au-
thors would like to thank Norman Koren for letting us use his beau-
tiful images. This work was supported in part by the Israel Science
Foundation founded by the Israel Academy of Sciences and Hu-
manities and by the German-Israeli Foundation for Scientific Re-
search and Development (GIF).

References

ALVAREZ, L., LIONS, P.-L., AND MOREL, J.-M. 1992. Image
selective smoothing and edge detection by nonlinear diffusion.
ii. SIAM Journal on Numerical Analysis 29, 3 (June), 845-866.

AUBERT, G., AND KORNPROBST, P. 2006. Mathematical Prob-
lems in Image Processing: Partial Differential Equations and
the Calculus of Variations, vol. 147 of Applied Mathematical
Sciences. Springer.

BAE, S., PARIS, S., AND DURAND, F. 2006. Two-scale tone
management for photographic look. ACM Trans. Graph. 25, 3
(July), 654-662.

BARASH, D. 2002. A fundamental relationship between bilateral
filtering, adaptive smoothing, and the nonlinear diffusion equa-
tion. IEEE Trans. Pattern Anal. Mach. Intell. 24, 6, 844-847.

BLACK, M. J., SAPIRO, G., MARIMONT, D. H., AND HEEGER,
D. 1998. Robust anisotropic diffusion. IEEE Trans. Image Proc.
7,3 (Mar.), 421-432.

BUADES, A., COLL, B., AND MOREL, J. M. 2006. The staircas-
ing effect in neighborhood filters and its solution. IEEE Trans-
actions on Image Processing 15, 6, 1499-1505.

Buarois, L., CAUMON, G., AND LEVY, B. 2007. Concur-
rent number cruncher: An efficient sparse linear solver on the
GPU. In High Performance Computation Conference (HPCC),
Springer.



BURT, P., AND ADELSON, E. H. 1983. The Laplacian pyramid as
a compact image code. IEEE Trans. Comm. 31, 532-540.

CHEN, J., PARIS, S., AND DURAND, F. 2007. Real-time
edge-aware image processing with the bilateral grid. ACM
Trans. Graph. 26, 3 (July), Article 103.

CHOUDHURY, P., AND TUMBLIN, J. 2003. The trilateral filter for
high contrast images and meshes. In Proc. EGSR 2003, Euro-
graphics, 186-196.

COMANICIU, D., AND MEER, P. 2002. Mean shift: A robust
approach toward feature space analysis. IEEE Trans. Pattern
Anal. Mach. Intell. 24, 5, 603-619.

DECARLO, D., AND SANTELLA, A. 2002. Stylization and ab-
straction of photographs. ACM Trans. Graph. 21, 3 (July), 769—
776.

DURAND, F., AND DORSEY, J. 2002. Fast bilateral filtering for
the display of high-dynamic-range images. ACM Trans. Graph.
21, 3 (July), 257-266.

EISEMANN, E., AND DURAND, F. 2004. Flash photography en-
hancement via intrinsic relighting. ACM Trans. Graph. 23, 3
(August), 673-678.

ELAD, M. 2002. On the bilateral filter and ways to improve it.
IEEE Trans. Image Proc. 11,10, 1141-1151.

FATTAL, R., LISCHINSKI, D., AND WERMAN, M. 2002. Gradient
domain high dynamic range compression. ACM Trans. Graph.
21, 3 (July), 249-256.

FATTAL, R., AGRAWALA, M., AND RUSINKIEWICZ, S. 2007.
Multiscale shape and detail enhancement from multi-light image
collections. ACM Trans. Graph. 26, 3 (July), Article 51.

JOBSON, D. J., RAHMAN, Z., AND WOODELL, G. A. 1997. A
multi-scale Retinex for bridging the gap between color images
and the human observation of scenes. IEEE Trans. Image Proc.
6,7 (July), 965-976.

KHAN, E. A., REINHARD, E., FLEMING, R. W., AND
BULTHOFF, H. H. 2006. Image-based material editing. ACM
Trans. Graph. 25, 3 (July), 654-663.

LAGENDUK, R. L., BIEMOND, J., AND BOEKEE, D. E. 1988.
Regularized iterative image restoration with ringing reduction.
1IEEE Trans. Acoustics, Speech, and Signal Proc., Speech, Signal
Proc. 36, 12 (December), 1874—1888.

LEVIN, A., LISCHINSKI, D., AND WEISS, Y. 2004. Colorization
using optimization. ACM Trans. Graph. 23, 3 (August), 689—
694.

LEVIN, A., FERGUS, R., DURAND, F., AND FREEMAN, W. T.
2007. Image and depth from a conventional camera with a coded
aperture. ACM Trans. Graph. 26, 3 (July), Article 70.

L1, Y., SHARAN, L., AND ADELSON, E. H. 2005. Compress-
ing and companding high dynamic range images with subband
architectures. ACM Trans. Graph. 24, 3 (July), 836-844.

LISCHINSKI, D., FARBMAN, Z., UYTTENDAELE, M., AND
SZELISKI, R. 2006. Interactive local adjustment of tonal val-
ues. ACM Trans. Graph. 25, 3 (July), 646-653.

MANTIUK, R., MYSZKOWSKI, K., AND SEIDEL, H.-P. 2006. A
perceptual framework for contrast processing of high dynamic
range images. ACM Trans. Appl. Percept. 3, 3, 286-308.

MRAZEK, P., WEICKERT, J., AND BRUHN, A. 2006. On robust
estimation and smoothing with spatial and tonal kernels. In Ge-
ometric Properties from Incomplete Data, R. Klette, R. Kozera,
L. Noakes, and J. Weickert, Eds. Springer, Dordrecht, 335-352.

NORDSTROM, K. N. 1989. Biased anisotropic diffusion — a
unified regularization and diffusion approach to edge detection.
Tech. Rep. UCB/CSD-89-514, EECS Department, University of
California, Berkeley, May.

OH, B. M., CHEN, M., DORSEY, J., AND DURAND, F. 2001.
Image-based modeling and photo editing. In Proc. ACM SIG-
GRAPH 2001, ACM, E. Fiume, Ed., 433-442.

OPPENHEIM, A. V., AND SCHAFER, R. W. 1989. Discrete-Time
Signal Processing. Prentice Hall.

PARIS, S., AND DURAND, F. 2006. A fast approximation of the
bilateral filter using a signal processing approach. In Proc. ECCV
’06, TV: 568-580.

PARIS, S. 2007. A gentle introduction to bilateral filtering and its
applications. In ACM SIGGRAPH 2007 courses, Course 13.

PATTANAIK, S. N., FERWERDA, J. A., FAIRCHILD, M. D., AND
GREENBERG, D. P. 1998. A multiscale model of adaptation
and spatial vision for realistic image display. In Proc. ACM SIG-
GRAPH 98, M. Cohen, Ed., 287-298.

PERONA, P., AND MALIK, J. 1990. Scale-space and edge detection
using anisotropic diffusion. /IEEE Trans. Pattern Anal. Machine
Intell. 12,7 (July), 629-639.

PETSCHNIGG, G., SZELISKI, R., AGRAWALA, M., COHEN, M.,
HoPPE, H., AND TOYAMA, K. 2004. Digital photography with
flash and no-flash image pairs. ACM Trans. Graph. 23, 3 (Au-
gust), 664-672.

REINHARD, E., STARK, M., SHIRLEY, P., AND FERWERDA, J.
2002. Photographic tone reproduction for digital images. ACM
Trans. Graph. 21, 3 (July), 267-276.

SAAD, Y. 2003. [terative Methods for Sparse Linear Systems,
second ed. STAM.

SCALES, J. A., AND GERSZTENKORN, A. 1988. Robust methods
in inverse theory. Inverse Problems 4, 1071-1091.

SCHERZER, O., AND WEICKERT, J. 2000. Relations between
regularization and diffusion filtering. Journal of Mathematical
Imaging and Vision 12, 1 (February), 43—63.

SCHLICK, C. 1994. Quantization techniques for visualization of
high dynamic range pictures. In Photorealistic Rendering Tech-
niques, Springer-Verlag, P. Shirley, G. Sakas, and S. Miiller,
Eds., 7-20.

Tomasl, C., AND MANDUCHI, R. 1998. Bilateral filtering for
gray and color images. In Proc. ICCV ’98, IEEE Computer So-
ciety, 839-846.

TUMBLIN, J., AND TURK, G. 1999. LCIS: A boundary hierar-
chy for detail-preserving contrast reduction. In Proc. ACM SIG-
GRAPH 99, A. Rockwood, Ed., ACM, 83-90.

WEIss, B. 2006. Fast median and bilateral filtering. ACM Trans.
Graph. 25, 3 (July), 519-526.

WINNEMOLLER, H., OLSEN, S. C., AND GOOCH, B. 2006. Real-
time video abstraction. ACM Trans. Graph. 25, 3 (July), 1221-
1226.

ZERVAKIS, M. E. 1990. Nonlinear image restoration techniques.
PhD thesis, Univ. Toronto, Toronto, ON, Canada.



